The value and impact of Streaming Depth Imaging (SDI) is demonstrated using field data with imbedded synthetic signals. The real noise in the field data is required for valid testing of the method because reflectivity noise and coherent surface wave noise dominate passive data and cannot be easily modeled. These noises are suppressed using the trace filtering workflow that includes cepstral filtering and low cut frequency bandpass. The cepstral filter is the most important noise suppression filter employed. SDI fails when using traces that do not have noise suppression. However, the increase in the signal to noise is proportional to the integration time for images computed with SDI using traces that have high quality noise suppression. The combined gain in signal to noise for trace filtering and SDI is more than 25 decibels compared to images computed using the unfiltered field traces and without SDI.
Introduction
Imaging the very weak signals emitted from the reservoir, requires the use of high quality trace filtering to suppress noise. The objective of the processing is to suppress reflectivity noise and surface wave noise without modifying the phase of the signal waveforms that are emitted at depth and travel to the receivers at the surface. Using a trace filtering workflow that includes cepstral filtering and low cut band pass, combined with SDI increases the Signal-toNoise (S/N) ratio in the images by up to 25 dB compared to the S/N ratio for images computed using unfiltered the field data.
Cepstral filtering is a key component of the workflow for trace filtering of passive recordings. Cepstral filters are non-linear filters that separate the fundamental waveform that is generated by the source at depth form the waveform distortions and repetitions caused by the propagation through the rock layers. Transforming to the Quefrency domain, applying a low pass filter, and transforming back to the time domain, removes much of the energy in the trace that results from the reflectivity. Cepstral filtering was first introduced into signal processing by Bogert (1963) . Bogert applied the cepstral transform to earthquake signals and to signals from nuclear explosions in order to distinguish them. Oppenhiem (1965) introduced cepstral methods in his dissertation at M.I.T and used this method to separate the wavelet propagating in the Earth from the reflectivity. Oppenheim derived the method of using the Fourier transform to take the frequency domain signal into the cepstral domain where the wavelet occupies the lower components of the quefrency while the reflectivity is spread across the full quefrency band. Oppenheim and Schafer (2004 review the history of cepstrum filtering, provide an overview of the method, and discuss the recent developments of how it is used in time series filtering.
SDI is used to image the low amplitude signals emitted from the reservoir. SDI computes the image volume at the depth of the reservoir for a series of time windows from the trace data and adds them to get a final depth volume for evaluation of the fracture emissions and for fracture extraction. The method of imaging passive emissions is described by Lacazette (2013) . The three dimensional fracture system is extracted using the method of Copeland (2015) in which the peaks in the emission volume are detected and tracked to form the fracture surfaces. The trace filtering workflow that includes cepstral filtering and low cut frequency band pass is required for SDI success.
Field examples of ambient imaging before drilling show that the high amplitude emission volumes correlate with the zones in the reservoir of high fracture permeability. The first example is from a fractured reservoir in Colombia that produces without stimulation. The pre-drill map of the fractured zones shows the most productive areas of the reservoir. A second example shows the maps of the fractures in an area from the Eagle Ford that was made from data collected during a 3D reflection program and before drilling, shows the zones of highest production. Many wells were drilled into the Eagle Ford after the data collection and the production from those wells show that the zones highlighted in the ambient image volume are the best producers. Other examples show the successful prediction of where frac pumping projects will hit adjacent wells and also show the prediction of producing volumes for undrilled wells compared to the measured producing volumes over time after the well has been drilled.
Trace processing workflow
There are seven components in the processing workflow that are required for successful ambient imaging.
1.
Removal of the bias in each trace 2. Cepstral filtering 3. Removal of short window spikes in time 4. Muting of windows in traces that are statistically anomalous compared to the other traces in the recording array 5. Median filter for removing spikes in the frequency domain that are not suppressed by the cepstral filter such as monochromatic electronic line noise. 6. Low cut frequency band pass filter to remove any remaining coherent surface wave noise 7. SDI for depth image volume integration
The most important of these components are cepstral filter, median filter, low cut frequency bandpass, and SDI image integration. The median filter in the frequency domain is applied after the cepstral filter primarily to suppress the line noise at 60 Hz (or 50 Hz) and other spikes that may remain in the frequency spectrum. Any monochromatic signal will have a spike in the frequency spectrum that is not repetitive or periodic in that domain and these signals will not be effectively suppressed by the quefrency domain filter. The low frequency cut is a standard bandpass filter that is parameterized to suppress any coherent noise that stacks up in the SDI integration. The cepstral filter and the SDI method are described in detail in the next sections.
Cepstral Filter
The cepstral filter is a double forward Fourier transform. The trace is transformed to frequency, the log of the amplitude spectrum is computed, and this log frequency spectrum is transformed to the cepstral domain. The units in the cepstral domain are called quefrency. A low pass filter is applied in quefrency to keep only the lowest 2 to 3% of the quefrency samples. The inverse transform is computed to get back to the frequency domain, the exponential of the amplitude is taken in the frequency domain, and then the data is transformed back to the time domain. The energy present in the trace data that is repetitive in time causes spikes in the amplitude spectrum. The spacing of the spikes in frequency is related to the separation in time of the repetitive waveforms. The cepstral filter removes the spikes in frequency while preserving the long wavelength information in the amplitude frequency spectrum. The frequency spectrum for one of the traces in the field data used in the testing is shown in the top panel of figure 1 . The spikiness demonstrated in Figure 1 shows that the repetitive energy in the trace dominates the signal. In order to detect the underlying signal that we are attempting to image, this repetitive energy must be suppressed. The middle panel of figure 1 shows the frequency spectrum of the field data trace after application of the cepstral filter to the data shown in top panel. The cepstral filter has eliminated the spikiness by applying a low pass in quefrency that keeps the lowest 3% of the quefrencies. The bottom panel of figure 1 shows the amplitude versus quefrency for the same data shown in the top two panels but shows only the lowest 1% of the quefrencies. The filter in quefrency has an amplitude of 1.0 at zero quefrency and an amplitude of 0.0 at the quefrency that is 3 percent of the Nyquist in quefrency space. More than 97 percent of the Quefrencies were set to zero. At the same time, 95% of the trace energy is preserved in the lowest 3% of the quefrencies.
Because the cepstral filter is a non-linear filter, it does not commute with other filters. Experience shows that it should be run as the first filter in the processing flow. The cepstral transform is described as follows.
Assuming that the seismic trace is the convolution in time of a wavelet (w) with the reflectivity series (r), the seismic trace signal (s) is can be expressed as
In the frequency domain, convolution becomes a multiplication and the expression for the signal is represented by
The cepstrum is the Fourier transform of the logarithm of the amplitude spectrum. Multiplication can be expressed as addition by taking the logarithm of the components. Therefore, the spectrum becomes the addition of complex moduli.
ln[ ] = | | + ln| | The cepstrum is computed as the Fourier transform of the ln|S|. The cepstrum as a function of quefrency becomes the addition of the individual Fourier transforms.
The properties of the cepstral transform allows for the separation of the wavelet from the reflectivity by applying a low pass quefrency filter. The low quefrencies contain the smooth shape of the spectral envelope while the rest of the quefrencies contain the response of the reflectivity. Monochromatic signals in the trace become single spikes in frequency. These spikes are not removed by the cepstral filter but are spread over a narrow band of frequencies after the cepstral bandpass.
For an illustration of the value of the cepstral filter, a time window from field trace data was selected that contains the waveforms for a large amplitude microearthquake (MEQ). For this single window the depth image volume was computed for three cases of trace processing: the field data; the field data after the cepstral filtering; and the final processing. Figure 2 shows the field trace data for this time window and three orthogonal slices of the image volume focused at the depth of the MEQ. In the field data, the MEQ that is present is not readily evident in the trace data and cannot be detected in the imaged depth volume. The image is totally dominated by the reflectivity noise and the coherent surface noise. The trace data and the image volume slices for the same data after the application of the cepstral filter are shown in Figure 3 . The cepstral filter has a large impact on the quality of the trace data and the image volume. After the cepstral filter, the MEQ is clearly visible in both the traces and the image volume slices. This example shows the impact of removing the energy trapped in the rock layers in the earth. The other filters in the workflow clean up noise such as transient amplitude bursts, electronic line noise, and residual stationary surface wave noise. Figure 4 shows the same data as Figure 2 and 3 after the full processing flow has been applied. The data is very clean and the MEQ is focused in the image volume with higher resolution and S/N. 
SDI -Image volume Integration
We call the process of imaging the signal over long periods of time, SDI. SDI computes image volumes for many time windows and combines those image volumes to enhance the signal. The essence of the SDI method is to compute the pre-stack depth imaging for each voxel in the depth volume for each of a large number of time windows of the passive data. The parameters for SDI are the window length, the window overlap in time, and the time interval. Typically, the window lengths are approximately 180 milliseconds, the window overlap is 60 milliseconds, and the time interval can range from 30 minutes to several hours.
For SDI, the imaging application must compute depth volumes that can be coherently stacked. The phase of the signals in the trace data are not changed in the trace filtering or in the imaging computations. If the phase of the signal is modified in the trace processing, the image volumes computed from one time window to the next will not stack coherently. The computed volumes for SDI are semblance, or coherence, or amplitude envelop.
Kochnev (2007) describes a method similar to SDI in which they process the data recorded on a surface array by first identifying the times in the passive recordings that have detectable low energy sources that originate in the target zone. Kochnev focuses the recorded traces using travel times computed for the velocity model, and compute coherency for each time window that has previously identified signal. The coherency computed for each of the time windows is stacked to get a sequence of images that show the developing fractures during the pumping time. The differences between the method described by Kochnev (2007) and SDI are that Kochnev computes the coherency only for a subset of the depth volume and for previously identified time intervals. SDI streams all of the trace data for the entire time interval of interest through the processing workflow and computes tens of thousands of depth volumes around the well bore.
The image volumes computed from passive recordings taken before wells are drilled provide predictive value for reservoir management. Examples of these ambient pre-drill recordings reveal the locations within the reservoir that have the highest density of active natural fractures. These areas of active natural fracture systems that are imaged before drilling reveal the zones where the frac treatment performance will contact the largest area of natural fractures and they also predict the locations of the most productive rock volumes. 
Field Dataset with Synthetic
A test dataset was computed by copying six hours of passive field data from a production project. A synthetic impulse was computed for a single impulse and recording on a very high density grid on the surface. The traces from the synthetic that match to the geophone locations in the filed data recording grid were extracted from the synthetic and then added to the field data. In this manner, a known signal was implanted into the field data. Nine datasets were computed using the same field data but with varying amplitude for the synthetic. Five of the nine datasets are shown in Figure 5 . The traces have had focusing applied to flatten the impulse for the known depth location. This makes it much easier to see the impulse in the field traces. The signal to noise (S/N) was computed by taking the ratio of the maximum peak value of the synthetic and the RMS value of the field data averages over one hour. In figure 5 , the S/N was varied by changing the amplitude of the synthetic from the highest amplitude being equal to the RMS of the field data down to the level in which the peak amplitude of the synthetic was 1/12 th of the amplitude of the RMS amplitude of the field data. This is a range of S/N ratios from zero decibels to -21.6 decibels. The datasets computed but now shown have S/N ratios of -26.0, -29.6, and -35.5 decibels. The synthetic is not visible in the traces for these lower S/N ratios. However, the image volume for these lower S/N ratio datasets are shown in figure 8. The synthetic impulse is visible in the image volumes at these very low S/N ratios. Figure 6 illustrates the value of the trace processing workflow followed by SDI. The top panels show the trace displays for a window of the field data and that same window with the full trace processing applied. The S/N ratio in the field traces is -21.6 decibels. The single synthetic impulse is in the center of the time window. The trace processing significantly changed the trace data but the synthetic is not readily visible either in the field data or in the processed data. The bottom row of panels in figure 6 shows three image depth slices. The left panel shows the depth image slice for the field data for the single time window centered on the synthetic impulse. The depth image for a single time window centered on the synthetic for the field data is dominated by the reflectivity and coherent Figure 6 . An example of the field trace data with the synthetic summed in at -21.6 dB are shown in the top panel. The second panel shows the fully processed traces. The depth slices of the image volumes at the location of the synthetic pulse are shown for the field trace data, the fully processed trace data, and for SDI over 30 minutes. The trace processing alone shows the synthetic in the image volume. The background noise in the image volume is variable over time and allows the SDI method to boost the level of the S/N in the time image volume by more than 20 decibels. surface noise. The middle panel shows the same depth slice of the image volume for a single time window centered on the synthetic but for the traces with full processing applied. After processing the depth image volume for the single window does not show the contamination by the reflectivity and surface wave noise and the impulse is visible in the image. The right panel shows the image volume from the traces with full processing but using SDI to integrate the image volumes for every time window over 30 minutes of trace time. The S/N in the right panel is substantially improved compared to the middle panel for the single time window image. This figures illustrates the value and uplift provided by SDI which provides an additional 10 o 15 decibels for the S/N in image space. Figure 7 shows the value of the cepstral filter and the low cut filter of the trace processing workflow. The images are computed using the field trace dataset shown in figure 6 that has S/N ratio of -21.6 decibels. All of the panels in figure 7 have SDI applied for 30 minutes of trace data but each panel uses traces input to SDI that have a different processing flow. Four trace datasets were computed for evaluating the S/N improvement for each step in the trace filtering workflow. The first dataset to be imaged was the field data itself. The second dataset was computed by applying only the low cut filter to remove energy below 23 Hz. The parameters for the low cut filter applied a ramp for the cutoff that was zero at 20 Hz and 1.0 at 25 Hz. This low cut filter effectively removes the ground roll. The third dataset was computed by applying only the cepstral filter but keeping the low frequencies. The parameters for the cepstral filter applied a low pass in quefrency that was 1.0 at zero quefrency and 0.0 at the quefrency that was 3 percent of the Nyquist. More than 97 percent of the Quefrencies were set to zero. At the same time, 95% of the energy is contained in the lowest 3% of the quefrency. Figure 7 illustrates the uplift of using SDI by stacking the image volumes over the 30 minute time interval. For this example, the synthetic was repeated in the field trace data at the rate of 80 pulses per minute but at random spacing in time. Thirty minutes of trace data contains 2400 instances of the impulse. The noise in the trace data is real field noise that varies over time. After the removal of the corrupting reflectivity noise and the coherent surface wave energy, the gain in S/N with SDI increases with stacking time. As shown in Figure 7 , the field data image is dominated with artifacts caused both by the surface Figure 7 . Image volume displays were computed for 30 minutes of the trace data using SDI. The image in the upper left was computed using the unprocessed field data and shows that the coherent noise in the trace data dominates the image. The upper right panel shows the same image with only a low cut frequency filter of 23 Hz. The lower left shows the same image but with only the cepstral filter applied to the trace data. The lower right panel shows the same image with the full workflow for trace filtering applied. From these images it is clear that the cepstral filter has more impact than all of the other trace filtering combined.
waves and the reflectivity noise. Applying only the low cut removes much of the coherent noise but the image volume remains heavily contaminated with the reflectivity noise and the synthetic is not detectable in image space for the trace S/N of -21.6 decibels. There is essentially no gain in S/N achieved by applying the low cut only. Applying only the cepstral filter removes the reflectivity noise and provides a vast improvement in the image volume. The synthetic impulse is unambiguously imaged for this dataset. The image volume computed after application of the entire workflow for trace processing and using SDI for 30 minutes shows a very high S/N ratio in the image volume and the measured S/N improvement over the input trace S/N is approximately 25 decibels. Applying both the trace processing and SDI, the synthetic impulse is in the correct location and has very good resolution.
The improvement in detection, resolution, and location accuracy by applying the noise suppression workflow and SDI is measured using 9 sets of field traces in which each dataset has the synthetics imbedded with a different S/N ratio. Figure 8 shows images slices computed for each of the 9 datasets using both the field trace data and the noise filtered traces and SDI for 30 minutes. The S/N in the field traces ranges from 0 decibels to -35.3 decibels. The top panel in Figure 8 shows the image slices for the field traces that do not have noise suppression and are images for a single time window centered on one of the synthetic impulses. It images in the top panel are not well resolved at any S/N ratio and the noise overcomes the signal at about -12 decibels. The bottom panel shows the image slices for the trace datasets that have the noise suppression workflow applied and for SDI using 30 minutes of trace data. For all S/N ratios, the impulse has better resolution and location accuracy in image space. In addition, the noise dominates the signal at about S/N ratio of -32 decibels. There is improvement in resolution, location, and in S/N with the use of the noise suppression and SDI. The S/N improvement is approximately 25 decibels compared to Figure 8 . Depth slice of the image volumes showing the synthetic with S/N ranging from 0 decibels to -35.5 decibels. The top panel shows the image slices for field traces that do not have noise filtering. For field traces the synthetic is resolved at the S/N level of -8 to -10 decibels. The bottom panel shows the same image slices but for traces with both noise filtering and SDI for 30 minutes of data. The synthetic is resolved at the S/N ratio of -30 to -32 decibels. SDI has improved the location accuracy and the resolution is much better than for the field traces at very high S/N. The improvement in S/N using noise filtering and SDI is approximately 25 decibels. using the field traces. Figure 9 shows a second synthetic in which the signal was added into traces with a background of random noise and illustrates the improvement in both S/N and resolution of a synthetic with increased SDI integration time. For this example, the amplitude of the peak signal to the RMS amplitude of the background was approximately -25 decibels. The synthetic signal with the same amplitude was added into the trace data for many different signal impulses that varied in space and time. As time progresses, the synthetic signal is placed at random locations but along a linear segment of a fracture. The resolution and location of the fracture in the image is improved as the integration time is increased. The highest resolution that can be obtained from SDI is approached exponentially.
Pre-drill reservoir evaluation and predictions using Ambient Imaging
Recording passive data over the reservoir before the field is developed can map the zones of natural fracturing that are most seismically active. Focusing the passive emissions and imaging them with SDI to compute an accumulated activity volume for the reservoir shows the zones in the reservoir that are actively emitting seismic energy. We present case studies in which passive data is collected during a 3D reflection survey or as standalone recordings. The ambient activity volumes show the best producing zones of the reservoir before drilling.
Other examples of recording passive data before drilling or fracing provide valuable information that is used during frac treatment to improve the frac treatment performance and show the locations in the reservoir that will have the best producing volumes. Case studies show the comparisons between predicted producing volumes before drilling and measured producing volumes over the years after drilling.
Fractured Reservoir in large structure. The reservoir for the data shown in Figure 10 is a carbonate that produces from natural fractures. The structure is folded and cut by a strike slip thrust fault. The left panel of Figure 10 shows a cross section of the 3D velocity model containing a strike-slip fault cutting an anticline formed by a pre-existing thrust fault. The right panel of Figure 10 shows the accumulated emissions extracted along a geologic horizon from the activity volume computed using SDI. The noise suppression workflow was applied to 35 hours of trace data, the SDI image volume was computed for each hour of data, and 15 hours of data were selected. Much of the data was removed from the image because there is an earthquake nest nearby that causes surface wave contamination. The total SDI integration time for this image volume was 15 hours of continuous trace data. The red zone running EastWest through the center shows the highest emissions coming from the rocks that are in the hanging wall of the thrust fault. This result predicts that the zone of most active natural fractures is in the hanging wall of the thrust. The Figure 9 . Each panel shows the depth slice in X, Y space of the image volume for a synthetic in which the signal was added into traces with a background of random noise. The signal was added at irregular time steps and at irregular spaced locations along a linear fracture. The sequence of images show the resolution improvement and location accuracy with integration time production for this reservoir comes from natural fracture porosity and permeability in the targeted reservoir so that the hanging wall is predicted to have the best production. The data was collected pre-drill. Subsequent drilling of several wells confirms the prediction. The red arrow in the velocity panel shows the path for the wells that are drilled down the face of the thrust fault. The reservoir rock is dipping and lies in the hanging wall of the fault. The white arrows in the right panel show the drilling along the fault in map view. Mapping production in the Eagle Ford. Passive data was recorded while collecting 3D reflection data. The passive data was collected at night when the vibrators were shut down. Figure 11 shows the seismic activity extracted along the Eagle Ford layer from the passive data using SDI. Approximately nine hours of ambient data were input to SDI to form the images in Figure 11 . For the Eagle Ford layer, it is expected that there will be passive seismic activity in areas with observed faulting because these faulted areas are the zones of extension. The faults that are mapped in the 3D reflection data are generally accepted to be areas where the pressure in the Eagle Ford has leaked up into the Austin Chalk layer and the Eagle Ford generally does not produce in these areas. There is a zone of high emissions running east-west through the volume that does not follow the fault systems shown by the 3D reflection data. This zone of higher activity does not show faulting in the reflection data and it would be expected that the reservoir pressure in the Eagle Ford has not leaked upward. The producing wells in the volume that were drilled after the collection of the passive seismic are posted in the figure and show that the best producing wells are in the area of highest ambient activity where there is very little visible faulting in the 3D reflection data. The areas of larger faults that are seen in the reflection seismic data show higher passive seismic activity but have lower production. The best production is where there are fracture systems shown by the ambient activity in the SDI volume but do not have larger faults to carry the pressure to the shallower layers.
Predicting frac performance and fracture permeability. Passive data recorded before fracing shows the areas of highest natural fractures and can be used for planning the frac pumping by stage. The areas with the most natural fracturing are the areas that allow the pressure from the perf location to move a greater distance out into the reservoir and generate the highest seismic emission during pumping. These areas have the most pressure change over the largest area around the well path. The frac perfromance in the areas of most dense natural fractures is substantially different from the areas of low density natural fractues. This is illustrated in the panels in Figure 12 . The left panel shows the ambient activity in the volume around the well before the frac treatment and this emission volume was used in planning the frac treatment. The middle panel shows the ambient pre-frac activity overlaid with the fractures activated by the treatment. The SRV for this well shows a large SRV at the toe, a small SRV in the middle of the well, and a moderate SRV at the head of the well. The panels show that the rock volume activated during the treatment closely matches the natural fracture systems mapped before the treatment. During the frac treatment for the stages at the toe of the well, the planned pumping pressures and proppant injection rates did not allow the proppant to penetrate the reservoir. Using the pre-frac measured stress field and the pre-frac mapped fractures the frac treatment was modified between one stage and the next that allowed much more proppant to be injected into the reservoir. Mapping the natural fractures before the frac treatment provided valuable information the allowed for a successful frac treatment.
Prediction of frac hits before frac treatment. Pre-frac ambient data shows the areas of highest emissions and are the areas with the highest fracture permeability. These areas are where the pumping stimulates the largest volume of fractures. Figure 13 shows an example of predicting frac hits on an existing well and the impact of those hits on the production. The location of well B is shown but the well has not been treated when the passive seismic was recorded. Well A was producing during the data recording and during the frac treatment of well B. The activity volume was computed using 3 hours of ambient trace data recorded the day before the start of the frac treatment. The fractures shown in Figure 13 are the natural fractures mapped from the ambient data and show that there is fracture permeability connecting the two wells. The location of the fractures connecting the two wells are the locations of the stages in well B that are predicted to cause pressure hits on well A. When well B was treated, pressure hits on well A were recorded by the pressure meters at the well head for well A. The pressure hits on well A occurred at the times of the frac treatment for the stages of well B shown in the circles. This engineering data confirms the predicted connection between the wells.
Active Producing Volumes (APV). Active producing volumes are computed using SDI from ambient data recorded during a time interval when the well is on production. Mapping the ambient seismic activity around the well while it is producing provides maps of the rock volume that have fluids flowing into the well. These APV can be used to map the zones of the well and the rock volumes that are most productive and provide input data for planning refracs and adjacent well locations. For wells that are drilled under a buried microseismic grid, the producing volumes can be computed before the well is drilled and again at many times over the years of production. This can be called 4D passive.
Computing APV. For each observation interval, a few hours of ambient passive data are recorded and processed. Producing volumes are computed from this ambient data after applying the trace processing and SDI workflow previously described. The producing volume is computed in an iterative workflow that detects active voxels that are touching the well path. After the voxels in the depth volume that are active and touching the well path, the voxels are detected that are active but touching the voxels that are connected to the well path. The iteration is repeated until no more active voxels that are connected to the well path can be found. While there are high-activity locations throughout the entire volume under the array, only those with connectivity to the wellbore contribute to the producing volume. The well deviation path is required in order to extract the predicted or active producing volumes.
APV before and after frac hits. The left panel in the Figure 14 shows the APV for well A prior to the treatment of well B. These are the same two wells shown in Figure 13 where the prediction of frac hits on adjacent wells is discussed. The producing volume closely follows the areas of the natural fracture systems mapped before the treatment. The fractures mapped in the ambient data are providing most of the production for the well. The right panel in the figure shows the APV for well A after the treatment for well B. The APV after the well B treatment is smaller by approximately 25%. The frac hits on well A have been mapped using SDI and confirmed by the pressure data recorded at the well head of well a during the treatment of well B. The producing volume of well A was reduced after the treatment of well B. the ongoing production measurements for well A confirm that the measured production decline for well A is on the same order as the measured APV volume reduction. Changes in APV over time. 4D ambient monitoring provides the data for computing the APV over the years of production. Figure 15 shows the results of mapping the active rock volume during the frac treatment and for 2 monitoring times after the well was put on production. The first monitoring time was two years after the start of production. The second monitoring time was three years after start of production. The results show that the size of the volume and the active locations along the wellbore change over time. Though the characteristics of these changes vary among reservoirs, and between wells in the same reservoir, the example shown in Figure 14 shows typical results for the wells in one unconventional reservoir. For this example there is a substantial decrease in the size of the volume of rock activated by production over time.
Prediction of APV. Potential production volumes for a well path can be computed from ambient data collected before a well is drilled. The volumes computed show activity associated with the pre-existing fracture network. The left panel in Figure 16 shows a potential production volume generated from data recorded two months before the well was drilled. The seismic activity volume was computed from the ambient data recorded at that time and the potential production volume was extracted along the well path from this pre-drill activity volume. The middle panel of Figure 16 shows the APV extracted for the same well over the 2.5 years after start of production. There is good correlation between the predicted APV before drilling and for the APV computed over 2.5 years of production. The right panel shows the predicted APV in dark grey and the computed APV from combined observations over 2.5 years in blue. This example shows that planned, regular monitoring of wells can provide a comprehensive image of production changes over time and provide significant value to reservoir management.
Discussion -Reservoir performance prediction and management
Ambient images are computed using passive seismic data and they map the natural fracture systems in the subsurface. Examples show that computing ambient images before drill from passive seismic provides valuable information for reservoir planning. A fractured reservoir in a strike slip thrust fault was mapped before drilling using passive seismic and the active volume shows the areas of best production. This is confirmed by drilling results. Areas of high emission activity in the Eagle Ford mapped before drilling have proven to be the best producing volumes in the reservoir based of the production from the wells drilled after the active volumes were computed. Fracture systems extracted from passive images before frac treatment projects have been proven accurate by drilling and engineering data collected after the images were computed.
Trace filtering that includes cepstral filters and streaming depth imaging is required for computing useful ambient images. Reflectivity noise and coherent surface wave noise dominate passive data and these noises must be suppressed for success in ambient imaging. A workflow that uses cepstral filters and low cut frequency band pass filters followed by SDI is used to compute high quality image volumes. The cepstral filter is the most important noise suppression filter employed and is followed by a low cut frequency filter to remove the residual surface wave noise that remains after the cepstral filtering. Field data examples show that this trace filtering workflow can increase the signal to noise by 10 decibels before input to SDI.
Streaming depth imaging uses the passive seismic traces after the trace filtering to compute integrated image volumes over hours of recorded passive data. Field data examples show that SDI can boost the signal to noise in the fracture image volume by 15 decibels. The combined impact of the trace filtering and SDI improves the S/N in the image by more than 25 decibels compared to the S/N in the field traces.
These seismic emission volumes are used to predict the locations of best potential production in unconventional reservoirs. Maps of the natural fractures in the rocks determine the location of fracture permeability zones before drilling and can predict the performance of the frac treatment along a proposed well path. In addition, these volumes are used to extract the prospective rock volumes that have high potential for production for a proposed well path.
Conclusions
The value and impact of SDI is demonstrated using field data with an imbedded synthetic signals. The real noise in the field data is required for valid testing of the method because reflectivity noise and coherent surface wave noise dominate passive data and cannot be easily modeled. These noises are suppressed using the trace filtering workflow that includes cepstral filtering and low cut frequency bandpass. SDI fails when using traces that do not have noise suppression. However, the increase in the signal to noise in the images computed with SDI using traces that have high quality noise suppression is proportional to the integration time. The combined gain in signal to noise for trace filtering and SDI is more than 25 decibels compared to images computed using the unfiltered field traces and without SDI.
Natural fractures in the rocks are mapped using SDI to compute image volumes for the seismic emissions. We have shown that imaging the active fractures in the reservoir rock volumes using passive seismic data reveals: the zones of high fracturing for a fractured reservoir in Colombia; zones of fracture permeability in the Eagle Ford; and zones of fractures in the New Albany Shale that control the frac treatment performance. Imaging the fractures before drilling shows the zones of best production and predicting the producing rock volumes around a proposed well location is confirmed by subsequent drilling.
